Abstract. Several image metrics have been proposed for pulmonary assessment via thoracic high-resolution computed tomography (HRCT) for various pathologies. This paper describes a systematic analysis of the utility of such metrics for characterizing interstitial lung disease (ILD) and chronic obstructive pulmonary disease (COPD), in comparison to data from pulmonary function testing (PFT). HRCT inspiratory and expiratory images for 14 patients with ILD and 11 patients with COPD were acquired retrospectively. PFT values were also acquired retrospectively for each patient. Using a statistical feature selection scheme, our study demonstrates that the quantitative image features perform quite well in comparison with the clinically-used PFT values. In the first 25 selected features out of the total 114 mixed image metrics and PFT values, 21 are from the image metrics. The classification using mixed selected image features and PFT values outperforms using PFT values alone. Our study also shows that these image metrics are not redundant with respect to the PFT values for characterization of ILD and COPD.
Introduction
Chronic lung disease constitutes a major worldwide public health care problem and is the fourth leading cause of morbidity and mortality in the United States. Based on clinical, imaging and pathological characteristics, most can be grouped within two basic categories: interstitial lung disease (ILD) and chronic obstructive pulmonary disease (COPD). ILD is a heterogeneous group of diseases in which the hallmark is chronic, progressive, predominantly interstitial inflammation with varying degrees of fibrosis of the lung parenchyma, eventually leading to reduced lung volume, decreased lung compliance and restrictive physiology. COPD is characterized by chronic airflow limitation due to small airway disease and parenchymal destruction which is not fully reversible and is usually progressive.
The diagnosis, differentiation, and classification of the severity of ILD and COPD rely on clinical assessment, thoracic imaging (using CT and chest radiography), and pulmonary function testing (PFT). PFT is a noninvasive method of assessing the integrated mechanical function of the lung, chest wall and respiratory muscles. It currently comprises the gold standard for pulmonary assessment. Using PFT, the heterogeneous group of ILD typically exhibits a restrictive physiology pattern whereas COPD manifests as an obstructive physiology pattern.
PFT strictly permits a global assessment of lung functionality. In contrast, HRCT image analysis is a powerful tool with the potential for regional as well as global quantitation of pulmonary diseases. Although generally effective, radiologic interpretation of HRCT is time-consuming, largely qualitative, and prone to diagnostic variability. As a result, various CT image metrics have been proposed towards a more consistent and facilitated assessment. Early investigations into CT lung analysis employed relatively simple metrics, such as the mean attenuation value and other such first-order statistical measurements obtainable from the attenuation histogram [1] [2] [3] . More sophisticated metrics relying on texture descriptions of the parenchyma have shown promise in recent studies [4] .
PFT values are used clinically to diagnose ILD and COPD. With the increasing amount of proposed image metrics, research inquiry concerns the effectiveness of these metrics compared with the gold standard PFT values. Previous research ( [5] [6] [7] [8] [9] ) investigated the correlation between various quantitative image metrics with different PFT values.
Instead of a correlation study, this paper addresses the question more from the view of feature selection. We put more emphasis on what image metrics and what PFT values can characterize ILD and COPD in a quantitative framework. Image metrics and PFT values are viewed as candidates for selecting which best characterize the corresponding diagnosis (i.e. ILD or COPD in this paper). We are interested in whether and what features from image metrics have additional information for diagnosis when PFT values are provided. This also differs from the classification work of [4] that we do not tend to train any classifiers directly. The selected features can be used as inputs for any available classifier. We use Support Vector Machine (SVM, [10] ) as an example to test the efficiency of the feature selection results.
A minimal-redundancy-maximal-relevance (mRMR) information framework was introduced in [11] for such a feature selection task. The ideal selected features satisfy two constraints: maximal relevance and minimal redundancy. The relevance of both image and PFT features concerns the ability of such features in matching an existing classification (in our case, from clinical diagnosis). It is usually computed in terms of mutual information, correlation, or statistical tests. However, in order to get a compact subset of features to classify different types of disease, it is not enough to consider only the features with highest relevance. The selected features need to be as independent to each other as possible. This is known as the criterion of minimal redundancy.
In this manuscript, we provide a systematic relevancy/redundancy analysis comparing 31 various statistical image metrics and 21 PFT values obtained in patients with diagnosed ILD and COPD. The analysis framework is described in Section 2. In Section 3, we provide the results of our analysis in comparing the characterization performance of both image and PFT features. This is followed by discussion of the results.
Materials and Methods
14 patients with ILD and 11 patients with COPD were retrospectively identified. Every patient underwent both thoracic HRCT image acquisition and PFT within 3 days of each other. HRCT was performed for both inspiration and expiration on a 64 multidetector row CT scanner (Siemens Medical Solutions) with reconstruction of contiguous 1 mm axial images with a B41f kernel. Inspiratory and expiratory image datasets were then analyzed through a computational software developed in our laboratory which is capable of generating several hundred distinct metrics encompassing various aspects of lung physiology (e.g. pulmonary volumetric and gross tissue indices, attenuation histogram statistics, deformation indices, co-occurrence [12] and run-length [13] matrix texture indices, and attenuation mask indices), gleaned from the relevant literature. For this study, we only focused on a portion of these metrics .
Our whole pipeline ( Fig. 1 ) is fully automatic. First, a segmentation algorithm [14] is applied to extract lung regions and segment the trachea from CT images. Next. we compute 31 different types of image metrics (Table. 2, gleaned from the relevant literature) on the expiratory and inspiratory image datasets separately. We also subtract expiratory metrics from their inspiratory counterparts to obtain additional 31 metrics. This translates into a total of 93 image metrics for each patient. We then compute the relevance of each PFT value and each image metric to the corresponding disease type. The criteria of mRMR [11] is applied to select a mixed subset of PFT values and image metrics to show the degree of redundancy between them. Finally, we train SVM classifiers using the selected feature set to test the accuracy of ILD/COPD classification. Table 1 lists all the 21 PFT values used in the study. These parameters were either directly obtained or calculated for each patient, using standard protocols following guidelines of the American Thoracic Society. As mentioned previously, 93 image metrics (shown in Table 2 ) were generated for each patient. We use G1 to denote the 31 features from each of the expiratory image, G2 for the inspiratory images and G3 for the difference of the expiratory/inspiratory metric pairs. This subset of image metrics includes those first-order statistical measures generated from the attenuation histogram. It also includes more sophisticated second-order statistical quantities related to the texture of lung parenchyma, i.e. the co-occurrence [12] and run-length [13] matrix texture indices.
PFT Parameters and Image Metrics

Feature Selection
The primary motivation for this study is to determine how image metrics perform relative to PFT values in matching clinical diagnosis of ILD and COPD. We also select an optimal subset of mixed image metrics and PFT values under the principle of minimal redundancy and maximal relevance.
In accordance with the specifications of the algorithm in [11] , each of the N = 25 patients is given a label c based on the clinical diagnosis, either ILD or COPD. Such a disease type c is a random variable. Also each patient has a set of J = 93 computed image metrics X = {x 1 , . . . , x J } and a set of K = 21 measured PFT values Y = {y 1 , . . . , y K }. Let the mixed feature set Z = X ∪ Y . Each element z i ∈ Z is also viewed as a random variable. [11] proposed to use mutual information to measure the relevance between z i and c:
The mRMR framework in [11] selects a subset of S from Z such that:
The first term in Equ. 1 maximizes the total relevance of the selected features with the corresponding disease types; the second term minimizes the total redundancy of all pairs of the selected features. The framework in [11] gives a heuristic way to optimize Equ.1. We use the online toolbox [18] to compute the relevance weights and select features.
Given Table 2 . Computed image metrics and their relevance to the disease types. G1 denotes the metrics computed from the expiratory images; G2 from the inspiratory images. Metrics of G3 are generated by subtracting G1 from G2 . Within each of G1/G2/G3, the metrics are indexed from 1 to 31. The numbers in last three columns are the relevance values to the disease types of ILD and COPD.
otherwise, it indicates that image metrics have extra information that PFT values do not have for differentiating ILD and COPD.
Classification with SVMs
The last step in our analysis pipeline is to use the selected features to train classifiers to classify ILD and COPD . An efficient feature selection scheme should achieve low classification error rate with minimal number of features. We are going to study the relationship between classification error and the number of the selected features. Also we are going to compare adding image metrics to PFT values as additional features to classification using PFT values only.
We use Support Vector Machines (SVM) [10] as classifiers in this paper. SVMs have been used widely for feature classification tasks. SVM classifies data by maximizing the margins between hyperplanes that separates data points of two classes. By choosing different kernels ( [19] ), data points are implicitly mapped to different higher dimensional spaces and thus better classification can be achieved. More discussion about SVMs can be found in [19] .
The experiments here use SVM with Gaussian kernels to compare the selected features. We also test the linear kernel to understand whether the performance improvement is from the choice of nonlinear kernel or from the more efficient features.
Results
We first compare the relevance of each feature to the diagnosis of diseases. Fig. 2 graphically depicts the relevance weights of all the image metrics. The relevance weights of PFT values are plotted in Fig. 3 as a comparison. For example, the ratio of the forced expiratory volume in 1 second to the forced vital capacity (FEV1/FVC ) has a high relevance value (0.47), as it is a meaningful clinical indication.
The relevance values from image metrics and PFT values are in a similar range. The top PFT parameter, FEV1/FVC, is 0.47; the top image metric, 5% attenuation value from the inspiratory images, is 0.52. This shows that some image metrics are as good indicators as PFT values for characterization of ILD and COPD. It also shows in Fig. 2 that the metrics computed from expiratory images (G1 :the red bars) are similar to the metrics from inspiratory images (G2 : the blue bars). Their relevance values have a high correlation of 0.84.
We use mRMR to select a subset of 250 features. As discussed before, a high relevance does not suffice for a feature to be selected. It also requires a selected feature to have low redundancy with respect to other features in the subset. In Table 2 . Red bars are for metrics from G1, the expiratory images; blue bars for G2, the inspiratory images; and green bars for G3, difference of G1 to G2. Table 1 . Note that the range of the y axis is similar to the range from those image metrics in Fig. 2 .
other words, a selected feature will provide additional information supporting the diagnosis that is missing from other features. Table 3 . The first 25 selected features from mRMR [11] . Note these features include both PFT values and image metrics. The image metrics includes both the first order statistical measurements obtainable from the attenuation histogram and other more sophisticated metrics of texture descriptions. Table 3 lists all the 25 selected features using mRMR. Both PFT values and image metrics are selected. This indicates that image metrics provide extra information for differentiation of ILD and COPD, comparing with using only PFT values. Also image features computed both from the first-order statistical measurements (like the attenuation value) and from the texture descriptions (like the grey level run emphasis and the cluster prominence) are selected in the same subset. This also suggests that both types of image features are valuable for diagnosis. Out of these 25 features, 20 features statistically differ in ILD from COPD groups using an unpaired t-test (null hypothesis rejected at 2% level), which means that statistical significance exists on our relatively small datasets.
In comparison to feature selection using mRMR, the baseline used in the paper is to rank features by their relevance values (i.e. I(z i , c) in Equ.1) and such a criterion is denoted as MaxRel as in [11] . In this paper, we use SVMs as classifiers to compare the efficiency of the first n = 1 to 25 features ranked by mRMR and MaxRel by increasing the size (n) of the selected feature set. In each test, one subject is excluded when training SVMs and that subject is used as the test set. The error rates are computed as the average ratio of wrongly classified subject by repeating using each of the patients as the test subject. Fig. 4 . Classifying ILD and COPD using the first n = 1 to 25 selected features with (a) SVM with Guassian kernel and (b) SVM with linear kernel, using MaxRel, mRMR and mRMR with only PFT values. For each curve, the x axis is the number of features; the y axis is the error rate. One subject is excluded when learning SVM parameters and that subject is used to test the accuracy of the learned SVM.
We test two SVM models with different kernels. The first is SVM with Gaussian kernel, which is a popular choice for general classification tasks [19] . Features are normalized by dividing them by the maximum the absolute values. To further investigate the efficiency of the selected features and isolate the influence of choice of kernels, we also test SVM with the most simple linear kernel. As shown in both Fig. 4 (a) and (b), mRMR (red curves with crosses) reaches low error rate using 9 features in comparison to MaxRel using 15 (SVM with Gaus-sian kernel) or 16 (SVM with linear kernel). This shows the efficiency of mRMR framework.
To further demonstrate that image features are not redundant to the PFT values, we apply mRMR only on the subset of 21 PFT values and have a similar experiment by computing error rates with increasing selected feature set size. The performance is shown as "mRMR -PFT only" (the blue curves with stars) in Fig. 4 . Although PFT values have similar error curves using SVM with Gaussian kernels (Fig. 4 (a) , it is inferior using linear kernels (Fig. 4) . This can be explained as the selected image features are able to compensate the inefficiency of PFT features.
Conclusions
Various image metrics have been proposed and used in the literature to differentiate ILD and COPD. In this paper we studied their relevance values to the corresponding diagnoses in comparison with PFT values. Using a minimalredundancy-maximal-relevance (mRMR) framework, we further looked into the redundancy between image metrics and PFT values. The result shows that not only some image metrics have similar relevance values compared with PFT, but also image metrics are not redundant when PFT values are provided. Image metrics of the first order statistics from the attenuation histogram and of more sophisticated texture descriptions are both selected, which again suggests that these two types of image metrics are both valuable for a further investigation. We finally gave a selected optimal subset of 25 features for characterization of ILD and COPD, including both image metrics and PFT values.
It should be noted that we did not go far enough in achieving an automoated diagnosis of ILD and COPD system in this paper. Although certainly plausible in the future, such an automated diagnosis system, however, is premature at this point and not what we intended to develop in this paper. Rather, the focus of this paper is the demonstration that various image metrics are capable of providing significant information in characterizing clinical diagnosis compared to the gold standard of PFT values for ILD and COPD pathologies.
